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1 Introduction
[bookmark: OLE_LINK55][bookmark: OLE_LINK24][bookmark: OLE_LINK23]In RAN#102 meeting, the Study on AI/ML for mobility in NR was approved [1] with the following objectives:
	The study will focus on mobility enhancement in RRC_CONNECTED mode over air interface by following existing mobility framework, i.e., handover decision is always made in network side. Mobility use cases focus on standalone NR PCell change. UE-side and network-side AI/ML model can be both considered, respectively.

Study and evaluate potential benefits and gains of AI/ML aided mobility for network triggered L3-based handover, considering the following aspects:
· [bookmark: OLE_LINK25][bookmark: OLE_LINK91]AI/ML based RRM measurement and event prediction, 
· Cell-level measurement prediction including intra and inter-frequency (UE sided and NW sided model) [RAN2]
· Inter-cell Beam-level measurement prediction for L3 Mobility (UE sided and NW sided model) [RAN2]
· [bookmark: OLE_LINK6]HO failure/RLF prediction (UE sided model) [RAN2]
· [bookmark: OLE_LINK7]Measurement events prediction (UE sided model) [RAN2]
· Study the need/benefits of any other UE assistance information for the network side model [RAN2]

· [bookmark: OLE_LINK74]The evaluation of the AI/ML aided mobility benefits should consider HO performance KPIs (e.g., Ping-pong HO, HOF/RLF, Time of stay, Handover interruption, prediction accuracy, and measurement reduction) etc.) and complexity tradeoffs [RAN2]
· [bookmark: OLE_LINK26]NOTE: Simulation assumption and methodology can leverage TR 38.901, 38.843 and 36.839. And leave the detail discussion to RAN2
· Potential AI mobility specific enhancement should be based on the Rel19 AI/ML-air interface WID general framework (e.g. LCM, performance monitoring etc) [RAN2]  
· NOTE: This would only be treated after sufficient progress is made in the Rel-19 AI/ML air interface WID 
· Potential specification impacts of AI/ML aided mobility [RAN2]
· [bookmark: _Hlk153472406]Evaluate testability, interoperability, and impacts on RRM requirements and performance [RAN4]

· NOTE 1: RAN1/3 work can be triggered via LS
· NOTE 2: RAN4 scope/work can be defined and confirmed by RAN#105 after some RAN2 discussions (within the RAN4 pre-allocated TUs)
NOTE 3: To avoid duplicate study with “AI/ML for NG-RAN” led by RAN3
NOTE 4: Two-sided model is not included



[bookmark: OLE_LINK5][bookmark: OLE_LINK8]In this contribution, we would provide our initial consideration on RRM measurement prediction for AI/ML for mobility and some proposals.
2 Discussion
2.1 Potential purpose of the SI 
[bookmark: _Hlk162945278][bookmark: OLE_LINK31][bookmark: OLE_LINK107][bookmark: OLE_LINK90][bookmark: OLE_LINK34]In commercial network, the HO performance is excellent especially for FR1 scenario, where HO success rate can exceed 98%. We think the first potential purpose is to study the reduction of measurements for mobility without deteriorating the HO performance. For example, RRM measurement prediction is helpful to reduce the configuration of measurement gaps, and consequently UE throughput could be improved. UE measurements efforts could be reduced and less power consumption could be achieved. Less measurements by UE means less measurement reference signals configuration is needed. So, NW can reduce the resource allocation for measurement reference signals (SSB/CSI-RS) to improve the system capacity. 
[bookmark: OLE_LINK36]Observation 1: The potential benefits brought by the reduction of measurements for mobility includes:
· [bookmark: _Hlk163159303]The configuration of measurement gaps could be reduced, and consequently UE throughput could be improved
· UE measurement efforts could be reduced, and less power consumption could be achieved 
· NW can reduce the resource allocation for measurement reference signals to improve the system capacity
[bookmark: OLE_LINK61][bookmark: OLE_LINK98][bookmark: OLE_LINK93]The second study purpose is for the benefits for HO performance through AI/ML model for FR2 scenario where the HO performance is not ideal since the channel conditions change rapidly. Based on the prediction of RRM measurement, measurement events or HO failure/RLF, NW could detect the potential problems for UE mobility and make the handover decision for UE in advance.
Observation 2: Based on the prediction of RRM measurement, measurement events or HO failure/RLF, NW could detect the potential problems for UE mobility and make the handover decision for UE in advance.
Proposal 1: The potential purpose of the study on AI/ML for mobility could be different for FR1 and FR2: 
· For FR1 scenario, to reduce of measurements for mobility without deteriorating the HO performance, e.g., to reduce the configuration of measurement gaps, the measurement efforts and the resource allocation for measurement reference signals
· For FR2 scenario, to improve the HO performance and reduce measurements
[bookmark: OLE_LINK59]2.2 Consideration on Use cases
Based on the above objectives of AI/ML for mobility SI, the following use cases will be studied:
· [bookmark: OLE_LINK10]RRM measurement prediction
· [bookmark: OLE_LINK17]HO failure/RLF prediction
· [bookmark: OLE_LINK22]Measurement events prediction
[bookmark: OLE_LINK11][bookmark: OLE_LINK30][bookmark: OLE_LINK28]It is well known that RSRP, RSRQ and SINR are the basic measurement information for RRM measurement, and especially RSRP is the key measurement metric for the cell quality and is also used as the basis for the decision of Cell Selection/Reselection and Handover. It means that RRM measurement prediction can be used as the inputs for Handover Decision to evaluate the AI/ML aided mobility benefits based on HO performance KPIs. Moreover, it also can be used as the basic inputs of AI/ML model for Measurement events prediction and HO failure/RLF prediction. Therefore, from our point of view, the study of AI/ML aided mobility could start from RRM measurement prediction.  
[bookmark: OLE_LINK53][bookmark: OLE_LINK108]Observation 3: RRM measurement prediction could be used as the inputs for Handover Decision to evaluate the AI/ML aided mobility benefits based on HO performance KPIs. And it also can be used as the inputs of AI/ML model for Measurement events prediction and HO failure/RLF prediction. 
Therefore, it is proposed that:
Proposal 2: RAN2 considers to start from RRM measurement prediction for the study of AI/ML aided mobility.
2.3 Key issues of RRM measurement prediction
2.3.1 Sub-use cases for RRM measurement prediction
[bookmark: OLE_LINK20]The following are sub-use cases for RRM measurement prediction based on the SID [1]:
· Cell-level measurement prediction including intra and inter-frequency (UE sided and NW sided model) 
· Inter-cell Beam-level measurement prediction for L3 Mobility (UE sided and NW sided model)
As specified in TS 38.300 [2], the UE measures multiple beams of a cell and the measurements results are averaged to derive the cell quality and/or beam quality (if configured by gNB) by L1 filtering and L3 filtering. In legacy handover procedure, the network may also configure the UE to report the measurement information per beam. If beam measurement information is configured to be included in measurement reports, the UE applies the layer 3 beam filtering as illustrated in Figure 1. The reported measurements per beam will be used for network to select a specific beam of target cell. Therefore, for sub-bullet above, we understand that the beam-level measurement for L3 mobility means that L3 beam-level measurements.
[image: ]
Figure 1: Measurement Model [2]
During Rel-18 study on AI/ML for air interface [3], RAN1 studied and evaluated the spatial and temporal beam prediction based on smaller set of L1 beam measurements or historic measurements. And it should be noted that the beam prediction in R18 is only for serving cell.  
For R19 RRM measurement prediction, the similar prediction can also be applied by extending L1 beam measurement to L3 measurement. Hence, the part of RAN1 work can be reused as much as possible. For example, AI/ML model can predict all/Top-K L1 beam results by measuring a smaller set of beams or historic L1 beam measurements, and then cell-level and/or beam-level measurement results are derived based on predicted L1 beam results by legacy L1/L3 filtering.
Observation 4: The cell-level and/or beam-level measurement results can be derived based on L1 beam results, so the RAN1 work on beam prediction in R18 can be reused for AI/ML based RRM measurement prediction.
In addition, we also think the cell-level and beam-level measurement results can be predicted directly based on input L1 beam measurements, in which case there will be no information loss without filtering/beam selection. On the other hand, from RAN2 perspective, the straightforward way is to predict L3 cell-level/beam-level measurements based on historic L3 cell-level/beam-level measurements, which is similar to the temporal beam prediction in R18 SI.
Observation 5: It is straightforward to predict cell-level measurements based on historic cell-level measurements, and/or predict L3 beam-level measurements based on historic L3 beam-level measurements, which is similar to the temporal beam prediction in R18 AI for Air SI.
For the cross prediction, i.e. predict cell-level measurements based on L3 beam-level measurements or vice versa, we think it is unreasonable since the cell-level quality and L3 beam-level quality are independent as illustrated in Fig.1.
Observation 6: The cell-level quality and L3 beam-level quality are derived independently, therefore it is unreasonable to predict cell-level measurement based on L3 beam-level measurement or vice versa.  
Based on the above analysis, the following sub-use cases for cell-level and beam-level measurement prediction of serving cell should be further studied:
Table 1. Sub-use cases for measurement prediction of serving cell
	Sub-use cases
	Input
	Output
	Other efforts

	Sub-use case 1
(L1 beam -> L1 beam)
	L1 beam measurements 
	Predicted all/Top-K L1 beam  measurements
	Further derive cell-level and/or beam-level  measurements with legacy mechanism

	Sub-use case 2
(L1 beam -> L3 cell/beam-level)
	L1 beam measurements
	Predicted cell-level or beam-level measurements 
	N/A

	Sub-use case 3
(L3 cell-level -> L3 cell-level)
	The historic cell-level measurements
	Predicted cell-level measurements
	N/A

	Sub-use case 4
(L3 beam-level ->L3 beam-level)
	The historic beam-level measurements
	Predicted beam-level measurements
	N/A



As for measurement prediction of neighbour cell, it is obvious that the same way as serving cell could be reused, i.e. to predict cell-level/L3 beam-level measurements based on L1 beam measurements or historic measurements, wherein the measurements of neighbour cell are used.
Proposal 3: RAN2 study the following sub-use cases for RRM measurement prediction of serving cell/neighbour cell:
- Sub-use case 1: Cell-level/beam-level measurements derivation based on L1 beam prediction
- Sub-use case 2: Cell-level/beam-level measurements prediction based on L1 beam measurements
- Sub-use case 3: Cell-level measurements prediction based on historic cell-level measurements
- Sub-use case 4: Beam-level measurements prediction based on historic beam-level measurements
Furthermore, we think it is possible to predict neighbour cell measurements based on serving cell measurements, where the neighbour cell can be intra-frequency or inter-frequency. As we mentioned above, the measurement gaps would be reduced by inter-frequency prediction, the measurement efforts and UE power consumption would be reduced by intra-frequency prediction. 
Proposal 4: RAN2 study the following sub-use cases for RRM measurement prediction of neighbour cell:
- Sub-use case 1 (intra-frequency neighbour cell prediction): predict neighbour cell measurements based on serving cell measurements, where serving cell and neighbour cell are on the same frequency 
- Sub-use case 2 (inter-frequency neighbour cell prediction): predict neighbour cell measurements based on serving cell measurements, where serving cell and neighbour cell are on the different frequency
2.3.2 UE sided and NW sided model
[bookmark: OLE_LINK89][bookmark: OLE_LINK100][bookmark: OLE_LINK104][bookmark: OLE_LINK105][bookmark: OLE_LINK106]As per the objectives of AI/ML for Mobility, both UE sided and NW sided model should be considered for RRM measurement prediction. However, we think there may be some differences for the native inputs between UE sided and NW sided model which need to be further studied. For UE sided model, the UE trajectory information (e.g. UE speed, UE location) can be used flexibly as the inputs of AI/ML model. On the other hand, for NW sided model, the network topology can be used as the inputs of AI/ML model. Therefore, we prefer to study RRM measurement prediction with UE sided model and NW sided model separately.
Observation 7: There may be differences for the native inputs between UE sided and NW sided model, such as the UE trajectory info used in UE sided model and the network topology used in NW sided model.
Proposal 5: RAN2 considers to study on RRM measurement prediction with UE sided model and NW sided model separately in case that there are different inputs of AI/ML model. 
Furthermore, the network topology information at least includes the association between cells, the deployment of frequencies, which will be not available at UE side. In our understanding, the network topology information is helpful to predict the neighbour cell measurements based on serving cell measurements directly. Therefore, the network-sided model is more applicable for intra-frequency and inter-frequency neighbour cell measurement prediction based serving cell measurements.
Proposal 6: The network-sided model is more applicable for intra-frequency and inter-frequency neighbour cell prediction based on serving cell measurements (i.e. sub-use cases in P4), since network side has topology information.
[bookmark: OLE_LINK67]2.3.3 Evaluation metrics/KPIs
[bookmark: OLE_LINK75][bookmark: OLE_LINK76][bookmark: OLE_LINK70]For the simulation results analysis, we think it is better to have the clear definitions for evaluation metric which are used in the evaluation of the AI/ML aided mobility benefits. According to the HO performance KPIs (e.g., Ping-pong HO, HOF/RLF, Time of stay, Handover interruption, prediction accuracy and measurement reduction etc.) listed in SID, we can divide them into two categories:
· [bookmark: OLE_LINK101][bookmark: OLE_LINK99][bookmark: OLE_LINK77]Intermediate KPIs: e.g., prediction accuracy, which can be used to evaluate the performance of AI/ML model outputs;
· [bookmark: OLE_LINK84]System performance related KPIs: e.g., Ping-pong HO, HOF/RLF, Time of stay, measurement reduction etc., which are used to evaluate HO performance gains based on AI/ML model;
[bookmark: OLE_LINK86]Proposal 7: RAN2 consider the following evaluation metrics/KPIs:
· Intermediate KPIs: e.g., prediction accuracy, which can be used to evaluate the performance of AI/ML model outputs;
· System performance related KPIs: e.g., Ping-pong HO, HOF/RLF, Time of stay, measurement reduction etc., which are used to evaluate HO performance gains based on AI/ML model;
Prediction accuracy related KPIs may include:
· Average L1-RSRP difference of Top-K predicted beams for the case that the output of AI/ML model is L1-RSRP:
[bookmark: OLE_LINK79]- The difference between the L1-RSRP of Top-K predicted beams and the L1-RSRP of the actual Top-K beams based on the measurement results;
[bookmark: OLE_LINK80]- Top-K L1-RSRP (beam-level) are averaged to derive L3-RSRP(cell-level); the value of K should be reported by companies;
· [bookmark: OLE_LINK87][bookmark: OLE_LINK78]Average L3-RSRP difference of the cells in prediction for the case that the output of AI/ML model is L3-RSRP:
[bookmark: OLE_LINK81]- The difference between the L3-RSRP of the cells in prediction and actual L3-RSRP based on the measurement results;
· [bookmark: OLE_LINK82]CDF of L1-RSRP difference for Top-K predicted beams for the case that the output of AI/ML model is L1-RSRP;
· [bookmark: OLE_LINK88]CDF of L3-RSRP difference for the cell in prediction for the case that the output of AI/ML model is L3-RSRP;
· Cell prediction accuracy (%): the percentage of "the actual best cell based on the measurement results is the best cell based on the predicted results";
[bookmark: OLE_LINK85]Regarding to the System performance related KPIs that can be used in all use cases, the existing Handover Failure Modelling, RLF modelling and Ping-pong Modelling in TR 36.839 can be reused as the baseline model for statistic of Handover failure rate, RLF rate, Ping-Pong HO rate and short stay rate, etc. 
Proposal 8: RAN2 discuss the potential Prediction accuracy related KPIs:
· [bookmark: OLE_LINK83]Average L1-RSRP difference of Top-K predicted beams for the case that the output of AI/ML model is L1-RSRP
· Average L3-RSRP difference of the cells in prediction for the case that the output of AI/ML model is L3-RSRP
· CDF of L1-RSRP difference for Top-K predicted beams for the case that the output of AI/ML model is L1-RSRP
· CDF of L3-RSRP difference for the cell in prediction for the case that the output of AI/ML model is L3-RSRP
· Cell prediction accuracy (%): the percentage of "the actual best cell based on the measurement results is the best cell based on the predicted results"
Proposal 9: The existing Handover Failure Modelling, RLF modelling and Ping-pong Modelling in TR 36.839 can be reused as the baseline model for statistic of Handover failure rate, RLF rate, Ping-Pong HO rate and short stay rate, etc.
3 Conclusion
In this paper, we discuss on the key issues of RRM measurement prediction for AI/ML for mobility in NR, and we have the following observations and proposals:
Observation 1: The potential benefits brought by the reduction of measurements for mobility includes:
· The configuration of measurement gaps could be reduced, and consequently UE throughput could be improved
· UE measurement efforts could be reduced, and less power consumption could be achieved 
· NW can reduce the resource allocation for measurement reference signals to improve the system capacity
Observation 2: Based on the prediction of RRM measurement, measurement events or HO failure/RLF, NW could detect the potential problems for UE mobility and make the handover decision for UE in advance.
Proposal 1: The potential purpose of the study on AI/ML for mobility could be different for FR1 and FR2: 
· For FR1 scenario, to reduce of measurements for mobility without deteriorating the HO performance, e.g., to reduce the configuration of measurement gaps, the measurement efforts and the resource allocation for measurement reference signals
· For FR2 scenario, to improve the HO performance and reduce measurements
Observation 3: RRM measurement prediction could be used as the inputs for Handover Decision to evaluate the AI/ML aided mobility benefits based on HO performance KPIs. And it also can be used as the inputs of AI/ML model for Measurement events prediction and HO failure/RLF prediction.
Proposal 2: RAN2 considers to start from RRM measurement prediction for the study of AI/ML aided mobility.
Observation 4: The cell-level and/or beam-level measurement results can be derived based on L1 beam results, so the RAN1 work on beam prediction in R18 can be reused for AI/ML based RRM measurement prediction.
Observation 5: It is straightforward to predict cell-level measurements based on historic cell-level measurements, and/or predict L3 beam-level measurements based on historic L3 beam-level measurements, which is similar to the temporal beam prediction in R18 AI for Air SI.
Observation 6: The cell-level quality and L3 beam-level quality are derived independently, therefore it is unreasonable to predict cell-level measurement based on L3 beam-level measurement or vice versa.  
Proposal 3: RAN2 study the following sub-use cases for RRM measurement prediction of serving cell/neighbour cell:
- Sub-use case 1: Cell-level/beam-level measurements derivation based on L1 beam prediction
- Sub-use case 2: Cell-level/beam-level measurements prediction based on L1 beam measurements
- Sub-use case 3: Cell-level measurements prediction based on historic cell-level measurements
- Sub-use case 4: Beam-level measurements prediction based on historic beam-level measurements
Proposal 4: RAN2 study the following sub-use cases for RRM measurement prediction of neighbour cell:
- Sub-use case 1 (intra-frequency neighbour cell prediction): predict neighbour cell measurements based on serving cell measurements, where serving cell and neighbour cell are on the same frequency 
- Sub-use case 2 (inter-frequency neighbour cell prediction): predict neighbour cell measurements based on serving cell measurements, where serving cell and neighbour cell are on the different frequency
Observation 7: There may be differences for the native inputs between UE sided and NW sided model, such as the UE trajectory info used in UE sided model and the network topology used in NW sided model.
Proposal 5: RAN2 considers to study on RRM measurement prediction with UE sided model and NW sided model separately in case that there are different inputs of AI/ML model. 
Proposal 6: The network-sided model is more applicable for intra-frequency and inter-frequency neighbour cell prediction based on serving cell measurements (i.e. sub-use cases in P4), since network side has topology information.
Proposal 7: RAN2 consider the following evaluation metrics/KPIs:
· Intermediate KPIs: e.g., prediction accuracy, which can be used to evaluate the performance of AI/ML model outputs;
· System performance related KPIs: e.g., Ping-pong HO, HOF/RLF, Time of stay, measurement reduction etc., which are used to evaluate HO performance gains based on AI/ML model;
Proposal 8: RAN2 discuss the potential Prediction accuracy related KPIs:
· Average L1-RSRP difference of Top-K predicted beams for the case that the output of AI/ML model is L1-RSRP
· Average L3-RSRP difference of the cells in prediction for the case that the output of AI/ML model is L3-RSRP
· CDF of L1-RSRP difference for Top-K predicted beams for the case that the output of AI/ML model is L1-RSRP
· CDF of L3-RSRP difference for the cell in prediction for the case that the output of AI/ML model is L3-RSRP
· Cell prediction accuracy (%): the percentage of "the actual best cell based on the measurement results is the best cell based on the predicted results"
Proposal 9: The existing Handover Failure Modelling, RLF modelling and Ping-pong Modelling in TR 36.839 can be reused as the baseline model for statistic of Handover failure rate, RLF rate, Ping-Pong HO rate and short stay rate, etc.
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